This paper introduces a new measure of investor sentiment that is constructed using the information shared by traders on Twitter. The main advantage of the proposed index over existing measures of sentiment is the possibility of using the number of followers as a proxy for the quality of private signals. Moreover, the data allows for gauging sentiment directly with high frequency data. The index is used to test the implications of theories in asset pricing. The results show that (1) the followerweighted sentiment index predicts the same day return of the stock market index, but the equal-weighted index has no predictive power for daily returns, (2) dispersion of expectations about future returns predicts volatility of the stock market returns, (3) information asymmetry is positively related to return volatility, and (4) the density of information arrival measured by the number of opinionated tweets is positively correlated with volatility and trading volume of the stock market index.
Introduction
In this paper, Twitter messages are used as the data source to construct daily measures of investor sentiment, dispersion of sentiment, and density of information arrival. These high frequency measures are used to shed light on some of the theories in asset pricing and test their implications. More specifically, the paper is focused on three questions. Does heterogeneity in quality of private signals matter for constructing a measure of sentiment?
Is dispersion of sentiment associated with more return volatility? Is the information arrival rate correlated with return volatility and trading volume?
The first question is whether the quality of private signals should be taken into account when aggregating individual opinions to measure investor sentiment. Surveys assign equal weight to individual opinions when aggregating the responses. In this study, the number of followers is used as an indication for the quality of information shared by individuals. In other words, the marketplace for information determines the weight of each opinionated tweet in the daily measure of sentiment. The regression results show that the follower-weighted sentiment index predicts the daily open-to-close return of the S&P500 index. The equalweighted index, however, shows no predictive power for the daily stock market returns. An increase in the level of pre-market bullishness in Twitter messages on a given day also predicts lower volatility and negative returns for volatility futures contracts on that day. The daily measure of sentiment shows no significant predictive power for the returns and volatility on future days. These findings indicate that the opinions expressed through Twitter messages are built into stock prices quickly and their effect is not reversed on the following days.
The relation between disagreement among investors and return volatility is the focus of the second question. Several models of dynamic equilibrium asset pricing, such as Gallmeyer and Hollifield (2008) and Buraschi and Jiltsov (2006) , show that under heterogeneous beliefs, disagreement between agents is positively correlated with return volatility. Estimating the parameters of a GARCH (1, 1) model with additional control variables shows that an increase in the pre-market disagreement about the short-term returns predicts more volatility during the trading day. In addition, the daily number of opinionated tweets posted by high follower individuals is used as a proxy for information asymmetry to test an implication of Wang (1993) . The paper shows that in a dynamic model with information heterogeneity, information asymmetry can cause more volatility in stock prices. Positive and significant coefficient of the empirical measure of asymmetry is consistent with the prediction of Wang's model.
The third question is about the relation between the number of opinionated tweets and trading volume. The literature has documented a positive correlation between return volatility and trading volume. The empirical model developed by Andersen (1996) attributes the relation to an underlying process. The assumption is that information arrival governs both volatility and trading volume. As result, an increase in the density of information arrival leads to more trading volume and return volatility. In this study, the daily number of opinionated tweets is used as a proxy for the density of information arrival to study the explanatory power of information arrival for trading volume and return volatility. The results show that the daily number of opinionated tweets is positively correlated with both trading volume and volatility of the S&P500 index.
In recent years, Twitter has become a major source of information and an effective communication tool for traders and investors in the financial markets. 1 Twitter is a social network service that enables users to read or write text messages limited to 140 characters called "tweets". Users can "follow" other users to get instant notification once the other user posts a tweet. Visit https://support.twitter.com/ for more information about Twitter.
The contribution of this paper is threefold. First, this is the first study that systematically aggregates Twitter's stock market related messages to measure investor sentiment.
Second, the text analysis method used in this paper allows for capturing the opinion of stock market traders who express their opinion using certain phrases or by announcing their recent trades. Third, the proposed measure of investor sentiment can be constructed at a daily frequency and be used to study the role of sentiment in the daily returns of the stock market index. Moreover, the daily measure of disagreement among investors and the daily number of opinionated tweets are valuable pieces of information to test the predictions of theory about return volatility and trading volume. Text analysis is an important element of extracting useful information from internet message boards and social media networks. Antweiler and Frank (2004) use Naive Bayes as the main algorithm to classify messages. Tetlock (2007) and Da, Engelberg, and Gao (2015) rely on the Harvard IV-4 Dictionary to count the number of words in different categories.
Both methods are shown to be effective in practice given the data sources used in the studies. In this paper, a different approach is used to classify the tweets. A number of word combinations are defined as indicators for bullish, bearish and neutral tweets. If a tweet contains one of the bullish word combinations and does not mention any of the bearish or neutral word combinations, it is placed in the most bullish category and is associated with the numeric score of +1. The details of message classification is provided in subsection 2.2. Given that many traders express their opinion by announcing their current option or ETF positions and the Harvard dictionary is not structured for the vocabulary of traders, using word combinations could be more effective than alternative methods in measuring the short-term investor sentiment.
The rest of the paper is organized as follows. Section 2 describes the details of Twitter data and the methodology of constructing the Twitter sentiment (TSI) and Dispersion of sentiment (DS) indices. Section 3 investigates the relation between sentiment and short-term returns of the U.S. stock market. The relation between sentiment and return volatility is examined in section 4. The focus of section 5 is on the link between daily trading volume and information arrival rate measured by the number of opinionated tweets. Section 6 concludes the paper.
Data and Methodology
Public tweets are used as the main data source for the empirical tests. This section discusses the details of data and the methodology of constructing the Twitter sentiment (TSI) and Dispersion of sentiment (DS) indices.
Data
The dataset includes all the tweets that mention a major U.S. equity index or an Exchange Traded Fund (ETF) that tracks the daily return of the index from September 2013 to August 2015. For instance, tweets that mention the S&P500 index or ticker symbols "SPY", "SSO", "SDS", "UPRO", or "SPXU" are included in the dataset. These tickers represent the ETFs that correspond to unleveraged and leveraged long and short positions on the S&P500 index. 
Twitter sentiment (TSI) index
The Twitter sentiment index measures the sentiment of traders and investors by aggregating the opinion of all individuals that express their forward looking outlook of the stock market in a tweet. The idea is to (1) collect all the relevant tweets posted in a time period, (2) examine each one for a positive, neutral or negative view on the stock market, (3) assign a weight to each tweet based on the number of followers of the individual that posted the tweet and then (4) aggregate them to generate the Twitter sentiment index.
Step 1 involves collecting the tweets that mention a major U.S. equity index or an ETF that tracks the daily return of the index. Twitter's publicly available search tools are used to download the tweets that mention any of the search words listed in Appendix A.
In step 2, positive, negative, and neutral tweets are identified and tweets with no opinion are filtered out. Tweets that express a bullish outlook are put in the positive category.
Neutral tweets indicate that a trader is indecisive or waiting for more information before taking a position in the stock market. Finally, bearish comments in a tweet put it in the negative category. Since the objective is to construct a measure for sentiment of traders and investors, the methodology adopted in this paper captures the type of words that traders and investors use to describe their current position or outlook for the markets. Opinionated tweets are identified using 1148 word combinations. For instance, an optimistic trader could buy call option on the S&P index ETF (SPY) so a tweet that contains the words "bought, spy, call" in this order is placed in positive category. A tweet that contains the words "increase, spy, short" in this order is identified as negative because it indicates that a trader expects further drop in equity prices and is willing to increase the size of an existing short position. The words "will, buy, if" put a tweet in neutral category because they indicate a decision to buy the equity index conditional on some event. Table 1 to place words in categories such as "Positive", "Strong", and "Weak". In this study, the Harvard dictionary is not used because certain words that traders use to express their opinion convey a different message according to the Harvard dictionary. For example, traders often use the word "Bullish" to express a positive outlook. The closest word to bullish in the Harvard dictionary is "Bull" which is placed in "Male" category.
In step 3, a numerical value is assigned to each category. All positive tweets are coded as +1, neutral tweets as 0 and negative tweets as −1. Tweets that mention both positive and neutral word combinations are coded as +0.5 and those that mention negative and neutral combinations are coded as −0.5. The numerical score of a tweet is then multiplied by the number of followers of the account that posted the tweet. If we assume that the number of followers of each account is the equilibrium value given by the information marketplace to the opinions posted by that account, weighting individual opinions based on their followers takes into account the differences between the quality of private signals. Although the number of followers might not always reflect the quality of information shared by an individual, it is a useful observable variable for extracting information from Twitter messages.
Finally step 4 involves aggregating the views expressed in the tweets. The daily Twitter sentiment index (denoted by T SI t ), is the weighted average of the score of all the opinionated tweets posted during a day:
where s i is the numeric score associated with the tweet i and s i ∈ {−1, −0.5, 0, +0.5, +1}, w i is the number of the followers of the account that posted tweet i and n t is the number of tweets with positive, negative or neutral view posted during the time period t.
By definition, TSI index can take any value between −1 and +1. If all the tweets in a given day express a negative outlook for the stock market, TSI index would be −1, which is the most bearish value for the sentiment. Conversely, TSI index takes the most bullish value of +1 if every tweet contains a positive outlook. The TSI index by construction gives higher weight to the opinion of individuals with more followers. Accounts that post tweets about stock market and have a large number of followers are typically controlled by professional traders or money managers. As the result, the TSI index is skewed toward measuring the optimism among stock market traders and investors. However, The TSI index is not dominated by few individuals as evidenced by the distribution of weight of tweets over the number of followers of the accounts. Figure 3 shows that the opinion of accounts with more than 500,000 followers has an average weight of 0.13 in the daily TSI index. Since traders change their opinion more frequently and trade more often comparing to long-term investors, the TSI index provides a very short-term forward looking outlook of stock market among active market participants. Table 2 shows the summary statistics of the daily TSI index over 476 trading days from September 18th 2013 to August 8th 2015.
Dispersion of sentiment (DS) index
The daily dispersion of opinion is measured by aggregating the deviation of the numeric score of each tweet from the daily sentiment index. Dispersion of sentiment index (denoted by DS t ) is the weighted standard deviation of the numeric value associated with opinionated tweets posted during a day:
The measure of dispersion of opinion could take any value between 0 and 1. Dispersion of opinion will be zero if all the tweets posted on a trading day express the same view about the direction of change in the price of U.S. equity indices. The other extreme case is when the view expressed by tweets weighted by their followers is equally split between positive and negative categories. In this case, dispersion of opinion will be 1. Table 2 provides the summary statistics of the daily DS index.
Other Measures of Sentiment
There are several individuals and organizations that send a questionnaire to a group of investors or households and report the summary of their findings as a measure of sentiment or confidence. In order to understand the benefits of using the TSI index, this section Another approach to measure investor sentiment is to combine multiple imperfect proxies. Baker and Wurgler (2007) show that their six sentiment proxies have a common sentiment component. The proxies are trading volume measured by NYSE turnover, the dividend premium, the closed-end fund discount, the number of IPOs, first day return on IPOs and equity share in new issues. They remove the major macroeconomic influences from the proxies and construct an investor sentiment index using the principal component of the 
TSI and Stock Market Returns
This section examines the relationship between the daily TSI index and daily return of the stock market index for the same day and future days.
Return Predictability
In this subsection, the TSI index is used to predict the same day return of the S&P500
index. In order to avoid the feedback problem caused by the influence of price changes on the sentiment of traders, a daily pre-market TSI index is constructed by using only the tweets posted between midnight and 9:30am EST on a trading day. The pre-market TSI index on a given day is created using the exact same method described in section 2.2 but its data universe is limited to tweets posted before the market open on that day. Daily open-toclose price change of the S&P500 index is regressed on the pre-market TSI index and some control variables. The regression results are reported in Table 3 . In order to see the effect of weighting individual opinions on the predictive power of the sentiment index, followerweighted sentiment index is used as the independent variable in the first two regressions and the last two regressions of Table 3 use equal-weighted sentiment index.
The daily open-to-close return of the S&P500 is the dependent variable in the regressions of columns (1) One day lagged volatility index (VIX) and lagged return of the corresponding stock market index are included as additional control variables in all the regressions. According to the daily data over 476 trading days, one standard deviation increase in the followerweighted pre-market TSI index predicts a return of 12.8 basis points for the S&P500 index 7 .
As indicated in the second column of Table 3 , the return drops to 6.8 basis points if we control for the practical issues of trading the S&P500 index. The last two columns of Table   3 indicate that the predictive power of equal-weighted sentiment index disappears once the overnight price changes are excluded from the daily return of the stock market index.
The regression results highlight the role of assigned weights to individual opinions when aggregating the expectation of investors. The equal-weighted sentiment index does not capture the differences between the quality of private signals given by the individuals and 7 one standard deviation change in the pre-market TSI index corresponds to 0.3937. 
Robustness Checks
This section provides a number of robustness tests for stock market predictability of the follower-weighted pre-market TSI index. Table 4 reports the result of regressions that include more controls and use an alternative method to construct the sentiment index.
There are a number of market-based measures that are often used as a gauge for investor sentiment. Brown and Cliff (2004) show that investor sentiment measured by surveys is Since the information flow is continuous and news could influence the prices through futures market during the U.S. market close time, there is a concern that the TSI index reflects the price changes of the futures market. In order to control for the effect of price changes in the futures market, the difference between the open price of SPY and its close price on the prior day is included as a control variable in the regression. The second column of Table 4 shows that including the overnight price changes does not alter the main result.
Several empirical studies, such as Keim (1983) and Gultekin and Gultekin (1983) , provide evidence for seasonality in the stock market returns. To ensure that the results are not driven by known seasonal effects, month of the year dummies are included in the regression and the results are reported in the third column of Table 4 . Including the month dummies increases the effect of the pre-market TSI index.
The news-based EPU index is included in the regressions to control for the effect of economic policy uncertainty that could influence the sentiment and the stock market returns.
Since the twitter data used in this study is related to the time period that Federal Reserve was communicating its exit strategy from the unconventional monetary policy, one might still be concerned that the results are driven by a few sizable returns following unexpected announcements in the FOMC meetings. Column (4) of Table 4 shows that including a dummy variable for the FOMC rate decision days does not change the sign and significance of the pre-market TSI index.
Given that major economic data such as GDP and unemployment are reported at 8:30am
EST, the pre-market TSI index and the stock market index could reflect the surprises in the economic data on the data release dates. To ensure that the predictability of the TSI index is not driven by a few data announcement days, an economic news day dummy is included in the regression. The dummy variable is one on the days that GDP, unemployment or inflation data is released and zero otherwise. The regression result is reported in column (5) of Table 4 and shows that the effect of pre-market TSI index is not driven by economic news announcement days.
The pre-market TSI index is constructed by using the opinionated tweets posted between midnight and 9:30am. A potential concern is that some public information released after the market close on the prior day could be missed as the result of this choice for the time interval of tweets included in the construction of the index. The last column of Table 4 shows the results of a regression similar to the second column of Table 3 
Short-term Returns
As shown earlier, the pre-market TSI index predicts the same day return of the stock market index. In this subsection, the predictive power of the TSI index for the stock market return on future days is investigated. Sentiment theories, such as Delong et al (1990), rely on the assumption that a class of investors make rational portfolio decisions based on biased or inaccurate information. These theories predict that the equity prices temporarily rise beyond fundamentals during high sentiment periods and later fall. Da, Engelberg, and Gao (2015) show that an increase in the daily volume of internet search for negative economic words is associated with negative contemporaneous return in the stock market followed by two days of positive return. They conclude that the internet search behavior of households in the U.S. is consistent with the return reversal prediction of sentiment theories.
The TSI index is by construction skewed toward measuring the sentiment of stock market traders. Following Da, Engelberg, and Gao (2015), the return reversal prediction is tested by estimating the coefficient of the TSI index in the following regressions:
where R i,t+j is the daily return of equity index i on day t + j and Z i,t is the vector of control variables that includes five lags of daily return for equity index i, the S&P500 volatility index (VIX), business conditions measured by Aruoba Diebold Scotti (ADS) index, and economic policy uncertainty measured by EPU index. Table 5 shows that the TSI index is positively related to the contemporaneous return of the S&P500 index but does not predict the return of future days. The data shows no evidence of return reversal on the days that follow a high or low sentiment day.
Volatility
In this section, the relationship between the sentiment and volatility of stock market returns is investigated. We start with testing the link between the disagreement among investors and the level of return volatility. Then, the role of sentiment in the changes of volatility is examined. Finally, the prediction of Wang (1993) about the positive relation between
information asymmetry and volatility is tested.
Volatility and disagreement among investors
The literature offers many ways to model volatility. Hansen and Lunde (2005) compare 330 ARCH models and find no evidence that sophisticated models can predict the conditional variance better than a simple GARCH(1,1) model. In this study, a GARCH(1,1) with additional independent variables is used to model the stock market volatility. More specifically, the volatility is given by:
where r t is the daily return of the S&P500 index, and h t represents the return volatility, T SI t is the Twitter sentiment, DS t is the Dispersion of sentiment, and logDot t is the daily log number of opinionated tweets. Z t is the vector of control variable that includes the ADS business conditions index and the Economic Policy Uncertainty (EPU) index.
In the first test, opinionated tweets posted before the market open on each trading day are used to predict the return volatility of that day. The left panel of Table 6 shows that an increase in the disagreement about near-term returns, measured by the DS indx, predicts higher daily volatility. This observation is consistent with dynamic models of heterogeneous beliefs, such as Gallmeyer and Hollifield (2008) Table 7 . The daily TSI index is negatively related to contemporaneous return of VXX. More specifically, one standard deviation increase in the TSI index is associated with 50 basis points decrease in return of VIX futures contracts. The regression also highlight the contemporaneous positive correlation between the daily number of opinionated tweets and return of volatility futures contracts. If we define informed investors as those who have more than 500 followers and uninformed investors as those with less than 500 followers, we can follow Wang (1993) given by:
Volatility and information asymmetry
where DOT I t is the daily number of opinionated tweets posted by informed investors and DOT U t is the same measure for uninformed investors. DOT U t is included to control for the effect of public signals on volatility. The first column of Table 8 shows the coefficient estimates of the model. The next two columns of the table report the regression results using different thresholds for the number of followers that separates informed and uninformed agents.
Consistent with Wang's model, information asymmetry is positively related to volatility as evidenced by the positive and statistically significant coefficient of the daily number of tweets posted by informed agents.
Trading Volume and Information Flow
The literature has documented a positive correlation between daily trading volume and return volatility. Several studies, such as Epps and Epps (1976) and Tauchen and Pitts (1983) , attribute the joint dependence of volume and volatility to information flow. The intuition is that an increase in the intensity of information arrival leads to more transactions by informed traders and results an increase in the trading volume and return volatility in the stock market. Andersen (1996) presents a model based on the assumption that a random information arrival process drives both return volatility and trading volume. The paper estimates the parameters of the model using the moments of volatility and volume.
In this section, the daily number of opinionated tweets is used as an empirical measure of information arrival rate and the positive correlation between information arrival rate and trading volume is investigated. Table 9 provides the summary statistics of the daily number of opinionated tweets in the dataset. Figure 7 shows the daily log trading volume of the In summary, the coefficient of log Daily Opinionated Tweets (denoted by logDOT t ) in the following model is estimated using an OLS regression with Newey-West variance. Since the daily trading volume is an autocorrelated variable, Newey-West variance estimator produces consistent estimation of standard errors for coefficient estimates 10 . In the regression, it is assumed that the errors are correlated for up to 20 days.
logV ol t is the daily log trading volume of the S&P500 index ETF (SPY) and Z t is the vector of control variables that includes the absolute price changes of the S&P500 index, five days lagged returns of the index, logVIX and its five days lags, , five days lagged number of opinionated tweets, the business conditions index (ADS), economic policy uncertainty index (EPU), and the weekday and month dummies. Table 10 reports the regression results.
The first column of Table 10 shows that the coefficient of information flow rate measured by the number of opinionated tweets is positive and statistically significant after controlling 10 See Newey and West (1987) .
for other known factors that influence trading volume. The result is consistent with the assumption of Andersen (1996) that the density of information arrival is directly related to trading volume in the stock market. Week of the day and month of the year dummies are included to capture seasonal effects on trading volume but one might argue that the regression result reflect simultaneous year over year increase in trading volume and number of tweets. To address this concern, the daily number of tweets and log trading volume are tested for unit root using Dickey-Fuller test and MacKinnon approximate p-values reject the null hypothesis at the 0.01 level.
Chae (2005) documents unusual patterns in the trading volume of stocks before scheduled announcements due to changes in the behavior of informed and liquidity traders. Extending the logic to the broad market, there might be a concern that the result is influenced by the unusual patterns of trading volume on the release days of scheduled economic news. The second column of Table 10 reports the result of the regression that includes dummy variables for FOMC policy announcement and monthly payroll data release days. The number of opinionated tweets remains positive and statistically significant after including the dummies.
Option expiry days are usually accompanied with large trading volume in the stock market. To ensure that the result is not driven by large trading volume on a few option expiry days, a dummy variable that is one on monthly option expiry days and zero otherwise is included in the regression. The last column of Table 10 shows that controlling for the effect of larger than usual trading volume on option expiry days does not change the positive relation between the trading volume and the number of opinionated tweets.
Conclusion
The role of information heterogeneity in the short-term asset prices is highlighted in a number The opinionated tweets are used to construct a daily measure of dispersion of sentiment.
Consistent with the theory, the volatility of daily returns is positively correlated with disagreement among investors about future returns. It is also shown that the empirical measure of information asymmetry, constructed using the Twitter data, is positively related to return volatility.
Given that individuals often use the Twitter platform to share their information with others, the number of opinionated tweets is used as a proxy for density of information arrival to test the relation between information arrival rate and trading volume. Positive correlation between the information arrival rate and trading volume is consistent with the theory that assumes the information flow as a common factor affecting both trading volume and volatility. (1) One day lagged market indicators such as the number of advancing stocks divided by the number of declining stocks in NYSE, ARMS index, the number of stocks at their 52 weeks high price divided by the number of stocks at their 52 weeks low price, the number of put options on the S&P500 index divided by the number of call options, and the difference between the interest rate of 10 years and 3 months U.S. Treasury bonds are included as control variables. (1) Table 6 : GARCH(1,1) forecast for volatility of the SPY daily returns (denoted by h t ). In the left panel, the pre-market Twitter indicators are included in the model and the right panel shows the daily volatility as a function of daily Twitter indicators. T SI t is the Twitter sentiment index, DS t is the Dispersion of sentiment index, and logDOT t is log of the number of Opinionated Tweets. Table 8 : GARCH(1,1) forecast for volatility of the SPY daily returns (denoted by h t ).
DOT
I is the daily number of tweets posted by informed agents who have more than f I followers. DOT U is the same measure for uninformed agents who have less than f I followers. T SI is the Twitter sentiment index, DS is the Dispersion of Sentiment, ADS is the business conditions index from the Federal Reserve Bank of Philadelphia, and EP U is the economic policy uncertainty index.
(1) Table 10 : Regression results of daily trading volume on the number of opinionated tweets and control variables. absSPY is the daily absolute price changes of the S&P500 index.
(1) 
